This research deals with the characterization of areas associated with flash floods and erosion caused by severe rainfall storm and sediment transport and accumulation using topographic attributes and profiles, spectral indices (SI), and principal component analysis (PCA). To achieve our objectives, topographic attributes and profiles were retrieved from ASTER-V2 DEM. PCA and nine SI were derived from two Landsat-OLI images acquired before and after the flood-storm. The images data were atmospherically corrected, sensor radiometric drift calibrated, and geometric and topographic distortions rectified. For validation purposes, the acquired photos during the flood-storm, lithological and geological maps were used. The analysis of approximately 100 colour composite combinations in the RGB system permitted the selection of two combinations due to their potential for characterizing soil erosion classes and sediment accumulation. The first considers the "Intensity, NDWI and NMDI", while the second associates form index (FI), brightness index (BI) and NDWI. These two combinations provide very good separating power between different levels of soil erosion and degradation. Moreover, the derived erosion risk and sediment accumulation map based on the selected spectral indices segmentation and topographic attributes and profiles illustrated the tendency of water accumulation in the landscape, and highlighted areas prone to both fast moving and pooling water. In addition, it demonstrated that the rainfall, the topographic morphology and the lithology are the major contributing factors for flash flooding, catastrophic inundation, and erosion risk in the study area. The runoff-water power delivers vulnerable topsoil and contributes strongly to the erosion process, and then transports soil material and sediment to the plain areas through waterpower and gravity. The originality of this 
Introduction
During the last four decades, the impact of climate change becomes an undeniable reality, with a broad consensus of the international scientific community on the significance of its impact on the environment, economic and social factors, especially in African countries [1] . Morocco is a North-African country with a dominant (mostly) semiarid to arid climate and presents typical characteristics of Mediterranean landscapes vulnerable to land degradation processes, landslides and desertification risks [2] [3] .
Currently, Morocco is experiencing the longest dry episode of its contemporary history characterized by a reduction of precipitation and a rise in temperatures. These climate conditions limit the growth of the vegetation cover (sparse and scattered), especially in High Atlas Mountain areas. This situation in conjunction with the human activities leads to a degradation and erosion of soil by wind and water. In addition, the rain fall rarely occurs, but with high intensity during a short period of time, which causes flooding problems and accelerates the erosion phenomenon and land degradation. According to Erskine and Saynor [4] , catastrophic floods are defined as events with a flood peak discharge at a rate of at least 10 times greater than the mean annual flood.
Heavy rains often induce floods in Morocco, including flash floods, rivers floods and mud floods during the rainy season. Indeed, in November 2014, violent storms have caused flooding and impressive river floods in a large part of southern Morocco, especially in the city of Guelmim and regions, which are localized at the foot of the Atlas Mountains, with peaks rising to over 4000m. According to SIGMA [5] , this natural catastrophe caused the death of more than 46 persons and a significant damage to the infrastructure; villages were inundated ( Figure 1 ) causing thousands of houses to collapse, many oasis and agricultural fields were destructed (Figure 2 ), power and telephone networks and several roads and bridges were damaged ( Figure 3 ). Total losses were estimated about 0.6 billion US$ [5] [6] . Consequently, the region of Guelmim was declared a "disaster area" by the Moroccan government. This area was not devastated for the first time; it has been flooded several times over the past 50 years, namely in 1968, 1985, 1989, 2002, 2010 and 2014 [6] . Unfortunately, in addition to the climate change impact, this situation happened because of the lack of emergency measures, a failure of development policy, carelessness of citizens, as well as the Moroccan decisionmakers have not learned from the past lessons. However, it is very simple to understand and know that the water (River) always takes its course! This is illustrated in Figure 4 , showing two Landsat-8 satellite images acquired two weeks before and eight days after the floods. It can be observed that the rains turned the river into a powerful torrent, causing floods of houses and cultivated fields in the middle of the River. In order to improve the management of the water regulation structures, there is a need to develop methodology to maximize the water storage capacity and to reduce the risks caused by floods. Previous research activities have developed methodologies based on analyzing correlations between agents of climate, physiography, lithology, vegetation and land use [7] . Unfortunately, few of these parameters can be measured directly, but earlier studies have shown that remote sensing gains increasing importance in providing useful substitute information. However, the extraction of topographic, hydrologic and environmental information from the satellite data remains weakly developed, because of the extreme complexity of the relationship between the spectral response and the environmental parameters [7] . During the last two decades, remote sensing technology associated with geographic information system (GIS) and auxiliary data (especially a digital elevation model: DEM) has become the fundamental solution for flood monitoring [8] and its impact assessment.
In the literature, Huete [9] demonstrated that in arid and semiarid land, the measured remote sensing signals at the sensor level are largely influenced by the soil background. Although certain previous research activities developed methodologies for the removal of the soil contribution to the remotely sensed signal to predict correctly vege-tation cover using vegetation indices [10] , others developed approaches to enhance information from the soil signal, considering soil colour, brightness, texture, mineralogy, etc. [11] [12] . Indeed, spectral response variation measured at the satellite sensor is an excellent indicator of environmental change [13] . If soil and vegetation in arid land are considered, slight changes in colour and mineralogy in the first and variations in the structure and spatial distribution in the second can constitute indicators of change and degradation in natural environments [14] . The original idea for this approach came from prior research carried out by Baumgardner et al. [15] . Furthermore, Escadafal et al. [11] , Hill et al. [16] and Haboudane et al. [13] confirmed that the spectral properties can be related to soil conditions. Consequently, they will be able to lead to understand and infer different soil-degradation forms and to show the potential use of remote sensing for land-degradation characterization. Within this context, numerous studies have shown the interest of spectral indices based on the soil reflectance, such as the form index (FI), the coloration index (CI) and the brightness index (BI) for characterizing soil surface state, particularly in arid and semi-arid areas. In addition to these three indices, soils can also be characterized by intensity (I), hue (H) and saturation (S) that correspond to colour brightness, colour spectral dominance as well as colour purity [17] [18] . Other studies have shown the contribution of principal components analysis (PCA) for the derivation of new information related to degraded and eroded areas according to the vegetation-cover density [3] [19] [20] [21] . In addition, the normalized difference water index (NDWI; [22] ) and the normalized multi-band drought index (NMDI; [23] ) were developed for both soil and vegetation water content mapping using the near infrared (NIR) and short-wave infrared (SWIR) channels. These indices have a great potential for soil moisture content mapping after flash flood periods [24] [25] [26] and for surface soil moisture variations monitoring in time during dry seasons [27] .
Moreover, they could be informative on areas of water and mud convergence and accumulation as well as areas of erosion and runoff. Considering land use, soil erosion increases when the soil has little vegetation cover density. Because the vegetation (green or senescent) protects the soil from the impact of raindrops and splashing, it tends to slow the runoff speed to minimize the effect of erosion and ensure better infiltration and enrichment of soil with the organic matter [28] [29] . To deal with the saturation, the linearity weaknesses, and the soil artifacts effect correction, the transformed difference vegetation index (TDVI) was developed to describe the dynamic range of the vegetation-soil systems, which is linearly independent to external disturbing artifacts [28] .
For soil erosion and degradation analysis in arid environment, this index showed a great potential to discriminate accurately the vegetation cover from the other land-use classes [3] . The objective of this research is the assessment of land erosion and sediment accumulation caused by runoff after a flash-flooding storm using topographic attributes and profiles, remote sensing spectral indices and PCA. The originality resides in its simplicity and rapidity of the proposed methodology to provide a solid basis strategy for regional policies to address the real causes of problems and risks in developing countries.
Material and Methods
The used methodology is summarized in Figure 5 . It involves five fundamental steps: 1) data preprocessing, 2) topographic profile retrieval, 3) soil, vegetation and moisture spectral indices processing, 5) PCA and "I-H-S" calculations, and 4) information integration and segmentation of the landscape into different eroded and degraded units and sediment accumulation.
Study Site
Guelmim is a city in south of Morocco, often called Gateway to the Desert; it is the capital of the Souss-Massa-Drâa region (28˚59'02''N, 10˚03'37''W). It is located at the foot of the western Anti-Atlas Mountains with peaks rising to over 2100 m above sea level, and it follows the course of underground shallow aquifers and dry rivers ( Figure 6 ).
Settled agriculture developed around underground water sources and dry rivers beds that flood during the rainy season. It is characterized by a semi-arid and arid subtropical climate. The temperature range varies from 12˚C in January to 49˚C in July. Annual rainfall averages between 70 and 120 millimeters/year [30] . The Assaka River drains a large watershed on the southwest border of the Anti-Atlas and its Saharan edges in the Guelmim area [31] . Its water shed develops on the southern slopes of the Anti-Atlas [32] . In the lower part of its course, the river valley shows the stepping and the nesting of several alluvial terraces intersecting the Appalachian relief of the Anti-Atlas Mountains and depressions, which offer a landscape of hills and small mountains depending on the resistance of rocks to erosion. The Assaka River, the confluence of the three wadis, Seyyad, Noun and Oum Al-Achar, crosses the last folded chains of the AntiAtlas before flowing into the Atlantic Ocean. In this part of its course, it has aggraded Figure 5 . Methodology flowchart. a large system of alluvial terraces. The geological for mations that feed alluvium are granite, schist, quartzite, sand stone, limestone, dolomite, marl, conglomerate, andesite and rhyolite ( Figure 7 ). They correspond to the top of the Precambrian (Ifni boutonniere) and lower Paleozoic rock, which forms part of the Anti-Atlas sedimentary cover [32] . From a geological point of view, the study region constitutes a complex synclinal, framed and surrounded in the N, W and S by three Precambrian anticlinal inlets (boutonnieres): Kerdous-Tazeroualt, Ifni and Guir [33] . The two mean structural units in the region are the carbonate plateaus and the folded Bani hills. The most important Infra-Cambrian and Cambrian carbonate plateaus are located in the north, consisting of a continuous area bordering from W to E the Ifni Inlet, Akhsass plateau and the southern Figure 6 . Map of the study site localization (Guelmim city region, Morocco). The confluence of the three wadis, downstream from Guelmim city, forms Wadi Assaka, which begins in the Akhsass massif at an altitude of 1150 m. It goes through the corridor between the Jabal Adrar and Guelmim west, eventually discharging into the Atlantic Ocean after crossing narrow gorges. This hydrographic system is often inactive, especially during the summer, when the flow is very low; however, it becomes active during the winter period (December to March). This configuration is the cause of many talweg sand wadis draining the area. Thus, all the runoffs are directed automatically to the city of Guelmim, which is subject to a hydrological regime unregulated surface.
ASTER-V2 GDEM
The ASTER (Advanced Space borne Thermal Emission and Reflection Radiometer) GDEM (Global Digital Elevation Model) is a joint product developed and made available to the public by the Ministry of Economy, Trade, and Industry (METI) of Japan and the United States National Aeronautics and Space Administration (NASA). It is generated from data collected from the optical instrument ASTER onboard the TERRA spacecraft [35] . This instrument was built in December 1999 with an along-track stereoscopic capability using its nadir-viewing and backward-viewing telescopes to ac-quire stereo image data with a base-to-height ratio of 0.6 [36] . Since 2001, these stereo pairs have been used to produce single-scene (60 km × 60 km) DEM based on a stereo-correlation matching technique using WGS84 geodetic reference data [35] . According to Chrysoulakis et al. [37] , the planimetric and altimetric accuracies of the produced ASTER DEM over Greek islands are ± 15.00 m and ± 12.41 m, respectively. They considered these accuracies satisfactory for watershed management, hydrological applications, and the ortho-rectification of satellite imagery acquired over the same area with the same spatial resolution, which is the case in this study (30 m × 30 m) . Testing the ASTER GDEM over Vancouver (West Canadian territory), Toutin [38] demonstrated that the derived DEM is almost linearly correlated with the terrain slopes. Based on a set of geodetic ground control points over Western Australia, Hirt et al. [39] have been shown that the vertical accuracy of ASTER GDEM is approximately ±15 m. They also reported that this accuracy varies as a function of the terrain type and shape, and it is relatively low in areas with low topographic variability. In 2011, U.S. and Japanese partners [36] [40] made the validation and the accuracy assessment of the ASTER-V2 GDEM products (version-2) jointly. The results of this study showed that the absolute geometrical calibration accuracies expressed as a linear error at the 95% confidence level, are ±8.68 m and ±17.01 m, respectively, for planimetry and altimetry [41] . In this study, the ASTER DEM over the Guelmim region ( Figure 8 ) was downloaded from the USGS data explorer gate [42] and was retro-projected in UTM. Then, by referring to a topographic contours map at the scale of 1/50,000, the derived global height surfaces accuracy was calculated: ±9.17 m [43] . This local accuracy is better than the global one (±17.01 m) presumed by Meyer [41] . The derived DEM was used for images data ortho-rectification, refinement of atmospheric corrections, topographic attributes derivation, and 3D visualization and analysis. 
Landsat-8 OLI Sensor Data
Since 1972, the Landsat scientific collaboration program between the NASA and USGS constitute the continuous record of the Earth's surface reflectivity from space. Indeed, the Landsat satellites series support more than four decades of a global moderate resolution data collection, distribution and archive of the Earth's continental surfaces [44] to support research, applications, and climate change impact analysis at the global, the regional and the local scales [45] . In February 11, 2013 , for the replacement of the Landsat-7 system, the polar-orbiting Landsat-8 satellite was launched, transporting two push-broom instruments: the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS). The OLI sensor collects land-surface reflectivity in the visible, NIR, and SWIR wavelength regions as well as a panchromatic band (Table 1) , similarly to the ETM+ sensor. However, the band passes are narrower ( Figure 9 ) than that of the ETM+ in order to minimize atmospheric absorption features [46] . For instance, the OLI NIR spectral band was chosen to avoid the water vapour absorption feature at (Table 1) . Moreover, the OLI design results in a more sensitive instrument, providing improved land-surface reflectivity and information extraction with very less moving parts. With a significant amelioration of the signal-to-noise ratio (SNR) radiometric performance quantized over a 12-bit dynamic range (Level 1 data), products are delivered in 16 bit compared to previous Land sat sensors (TM and ETM+) using only 8 bit [47] . This SNR performance (Table 1 ) and improved radiometric resolution provide a superior dynamic range and reduce saturation problems associated with globally maximizing the range of land-surface spectral radiance and, consequently, enable better characterization of land-cover conditions [46] [48] [49] . In this research, two raw OLI images were used, the first image was acquired in November 07 2014 (two weeks before the inundation) and the second image was collected in December 09 2014, eight days after the flood.
Note that the bands 1, 8 and 9 were not considered in this study.
Data Preprocessing

Sensor Calibration and Atmospheric Corrections
Prior to launch, the OLI sensor was subject to rigorous and absolute radiometric and (Table 2) .
Furthermore, two processes that are responsible for the modification of the satellite signal, mainly absorption by gases (ozone, water vapour, and carbon dioxide) and scattering by aerosols and molecules [57] , dominate atmospheric effects. These phenomena cause an attenuation of the signal in the direction of illumination, but increase the signal in the other directions because of scattering effects. An accurate correction of atmospheric effects requires a priori knowledge of the atmospheric parameters that interfere with the data acquisition during its operation [58] . For the used images, these parameters were measured during the passage of the satellite over the study site by the meteorological station located closest to the study site. The Canadian Modified Simulate the Satellite Signal in the Solar Spectrum (CAM5S), based on the Herman radiative transfer code [59] , was used for atmospheric parameter simulation. CAM5S simulates the signal measured at TOA from the Earth surface reflecting solar and sky irradiance at sea level, while considering the OLI sensor characteristics, such as the band passes of the solar-reflective spectral bands (Figure 9 ), satellite altitude, atmospheric condition, atmospheric model, Sun and the sensor geometry, terrain elevation, etc. Consequently, all the requested atmospheric correction parameters were simulated and calculated.
They were then used to transform the apparent reflectance at the TOA to the ground reflectance, ρ G (λ) using Equation (3). Table 3 summarizes the input parameters for the CAM5S radiative transfer code (RTC). In order to preserve the radiometric integrity of the images, absolute radiometric calibration and atmospheric effects (scattering Table 2 . Multiplicative and additive rescaling coefficients (G: gain and O: offset) for the radiance conversion provided in the metadata file by the USGS EROS Center and used in this study. and absorption) were combined and corrected in one step [60] [61] as follows: 
Geometric and Topographic Rectifications
During the 90-day period following the OLI launch, three types of geometric calibrations were performed on-orbit including updating the OLI-to-spacecraft alignment knowledge, refining the alignment of the sub-images from the multiple OLI sensor chips, and refining the spatial alignment of the OLI spectral bands. The results showed that the considered aspects of geometric performance met the system accuracy requirements [62] . However, one of the remote sensing objectives is to provide quantitative information for producing conform and standard cartographic documents and deriving digital data files compatible with GIS databases. Within this framework, rigorous geometrical and topographical corrections are essential [63] . The provided OLI data as delivered from the USGS EROS Center are geometrically corrected and registered to the WGS-84 geodetic reference. Nonetheless, a second-degree polynomial function cannot eliminate the distortions caused by the relief and the shadow impact, especially in the Guelmim study area with Atlas Mountains peaks of more than 2100 m. Indeed, the intersection of the FOV sensor with the terrain altitude variation can probably produces pixels with variable size following the slope and aspect (moderately negligible for OLI due to its relatively narrow FOV), and varying spectral signature from uniform and similar targets [64] . In addition, the association of the topographic variation with the illumination geometry significantly contributes in spectral signature variation over the same target. For correcting terrain relief effects, it is necessary to have an altitude value for any point in the image, namely a DEM. The sampling step of this DEM must be of the image pixel size or higher spatial resolution to provide an ortho-image with good precision [63] [65] [66] . In this study, an ortho-rectification was conducted using ASTER-V2.1 GDEM with a 30 m pixel size and the Rational-Function model implemented in the Ortho-Engine module of PCI-Geomatica [67] . Topographic attributes, such as altitude, slope, aspect, and sky view, integrated into the ortho-rectification approach, were extracted from the DEM [68] .This step enabled corrections of the parallax effect at the spatial arrangement of pixels along track, disruptive effects caused by shadow and topographic variability, as well as the residual atmospheric artifacts caused by altitude variability. Additionally, it allowed the integration of derived maps into a GIS for analysis and 3D visualization. To preserve the image radiometric integrity, geometric corrections have been combined into a single step with the correction of topographic effects [68] .
Data Processing
Coloration Index
Colour is an important criterion for soil characterization; it results from its mineralogical composition and organic matter content [69] [70] . The latter gives the soil a dark colour, while the iron oxides-hydroxides and the calcium carbonates cause a red colour and a clear and bright colour, respectively [71] . Thus, the presence of outcrops of gypsum and limest one crusts causes little soil coloration in arid regions [72] . The erosion process can obviously deteriorate the soil surface horizon rich in organic matter, hence, making the soil more clear and bright or completely destroy the floor and flush the bedrock surface whose colour can be totally different from the intact soil [73] . Several studies have shown a strong correlation between the soil colour sand their reflectance in the visible bands [74] [75] [76] . Based on this correlation, Escadafal et al. [11] 
where nir ρ is the reflectance in NIR band (OLI-5) and b ρ is the reflectance in the blue band (OLI-2).
Form Index
To characterize soil types and levels of their erosion and degradation, the shape of their spectral signature curves can be in formative [73] . It is determined by the reflection and absorption properties of its components [69] , including organic matter, iron oxides, clay minerals and carbonates whose presence are an indicator of the soil development.
Baumgardner et al. [15] found that the spectra of the developed soils have absorption bands, which are an indicator of certain soil development formation (important organic matter content, iron oxide and clay mineral presence). These soils are characterized by relatively low levels of reflectance. While high degraded soils would present high ref-
lectance levels (presence of carbonate material and absence of iron oxide). This variability in reflectance is due to the presence or absence of iron oxides and organic matter absorption bands. Based on this spectral variability in the visible, Escadafal et al. [11] developed the form index (FI) to discriminate among different soil degradation levels in arid land.
where r ρ is the reflectance in red band (OLI-4) and g ρ is the reflectance in green band (OLI-3).
This index has been used in various studies to map the different levels of land erosion and degradation, particularly in arid and semi-arid regions. Moreover, they reported that the integration of the SWIR bands into the FI equation has the potential to improve its ability to detect accurately soil erosion and land degradation classes [2] [3]
[13] [78] .
Brightness Index
In addition to the colour, the spectral properties of the soil are strongly related to its According to Ghram-Messedi and Detaître [81] , the BI allows good discrimination between vegetation cover and the minerals, especially when the soil is dry and bright (e.g., silica-sand, limest on enodules, gypsum crust). This index is strongly correlated with the iron oxide content in the sand dunes of a semi-arid environment [82] . However, its accuracy varies with the shadow effects [83] and the soil moisture content, i.e., the increase in water content is accompanied by a decrease in the purity of the luminance, which is relative to the colour brightness reduction [84] [85]. Escadafal and Bacha [11] and Minouni et al. [3] reported that the integration of the NIR band in the calculation of this index provides significant discrimination of bright colour soils, which contain sandstone and are in general calcareous and susceptible to erosion risk. The BI is calculated as follows:
Intensity, Hue and Saturation
In addition to the aforementioned indices, FI, CI and BI, soils can also be characterized by the intensity (I), hue (H) and saturation (S) of their colour [86] . These three variables derived by transformation of the three visible bands are corresponding to the brightness, spectral dominance, and the purity of the colour, respectively [18] [87]. Es-cadafal et al. [11] and Haboudane et al. [13] have shown that the "I" is an important discriminating factor among various levels of soil degradation. Moreover, it was proven that the "H" is a critical parameter for soil identification and mapping [88] . According to Madeira et al. [89] and Fontes and Carvalho [90] , the "H" characterizes well the hematite and describes adequately the hematite/goethite ratio. Its values are also independent of illumination and are related only to the shape of the spectral signatures [87] .
Therefore, it can be used for the identification and discrimination of soils and lithological formations [88] . The "S" quantifies correctly the iron oxides in the soil [90] and discriminates the different rock types [91] . Frequently, the integration of "I-H-S" is used in the optical and radar data fusion for soil and rock discrimination [18] [92] [93] .
In addition, this integration significantly characterizes soil degradation states and provides important results in terms of geomorphologic and geologic mapping [94] - [100] .
In the literature, three methods have been developed to transform spectral bands to the "I-H-S" space: hexagonal [101] , double-hexagonal [102] and cylindrical [103] . According to Mimouni et al. [3] , the cylindrical transformation, integrating the NIR and SWIR bands, provides relevant and accurate information about soil erosion and degradation in arid and semi-arid environments. This transformation can be calculated as follows: 
Principal Component Analysis
Principal component analysis (PCA) is a mathematical transformation based on the image covariance analysis or the correlation matrix of several spectral bands [64] . It is a technique that allows the reorganization of the data so that they are not correlated and maximizing the signal-to-noise ratio [104] . When applied to data in N-dimensions, it concentrates almost all of the information (90%) in the first two or three components [105] . Thus, the first component contains information relating to the maximum of the variance, the second contains the information on the next variance, etc. The process is iterative up to obtaining the N th and final component [106] . Obviously, when multispectral data acquired by the Landsat sensors are processed, the first three components are the most useful and informative [105] . According to Rajaonarison et al. [107] the same components were used to assess the degree of the influence of natural factors (to- [110] demonstrated the utility of the PCA for detection and mapping of areas associated with flood and erosion caused by a heavy rainfall using multi temporal TM Data. Consequently, the first three PCA were integrated in this research to characterize the flood-storm impact on the land erosion and sediment accumulation.
Vegetation Index
In semi-arid and arid environments, monitoring the scattered vegetation cover dynamics is a regional indicator of water erosion and desertification processes. If the land use is considered, soil erosion and land degradation increases when the soil has slight vegetation cover. This can be quantified from remotely sensed imagery or by inverse radiative transfer modeling, using vegetation indices [111] . These are relatively correlated with vegetation coverage and the green biomass [112] . The Normalized Difference Vegetation Index (NDVI) is the most popular and the most used index [113] , but it is very sensitive to the atmospheric conditions and the soil background, especially in arid and semi-arid environments where the vegetation cover is sparse [9] [10] [114] . To minimize these effects and to adequately describe the dynamic range of the soil-vegetation system, the TDVI was developed [115] . This index provides satisfactory results in different applications using remotely sensed data [3] [116] . It was considered in this study and combined with the soil indices to quantify and analyze the soil erosion and degradation classes. domains [117] . Indeed, the bare soil spectral signature decreases as soil moisture content increases due to a darkening of the soil surface, as well as of the fulfillment of empty pores by water [69] 
Results Discussion and Conclusions
Topographic Profiles Analysis
The study site has two main geomorphologic units, the limestone plateau of the An- It then transports soil material and sediments to the plain through natural action, i.e., water power and gravity. As illustrated by the photos in Figures 1-3 , which were acquired during the same day of the flood storm, the water colour was dark red because of its turbidity as it was very rich with sediments and eroded particles. In addition, the classroom of a primary school was filled with mud as shown in Figure 2 after the water retreated. Certainly, the role of the lithology associated with the terrain morphology is decisive in the erosion risk and land degradation in this region. These observations are Figure 11 . Three topographic profiles, from the NW to SE (A) and from the NE to SW (B) and (C), visualizing the natural barrier which leads to water retention.
in agreement with the results presented by Marchi et al. [122] , in which they characterized the extreme flash floods and implications for flood risk management in Europe.
Spectral Indices
In this research different spectral indices were considered, and were grouped into four classes. Class of vegetation and soil moisture indices (TDVI, NDWI and NMDI); class of indices based on the soil reflectance spectra (FI, CI and BI). Class of indices that characterize the soil degradation based mainly on the colour intensity and purity (I, H and S). Finally, the soil condition indicator related to eroded class and its occupation using PCA spectral space. Before the analysis of different combinations of all these considered indices and their contribution for soil erosion and sediment accumulation assessment, the vegetation cover density was first analyzed, and the soil moisture before and after the flood storm in the study area. Figure 12 illustrates the geographic location and density of vegetation cover in the study area before the flood-storm using TDVI. As anticipated previously, the vegetation cover is very scars in the middle of the Guelmim plateau, except some spots (in green colour) representing small agricultural fields and oases with palm trees, as well along the river bed (consequence of climate change impact and deforestation in the region).
At the top of the Mountain, a relative high grass and shrub density can be observed, because this high-altitude region benefits from a mild oceanic climate (near to the coast) and the dew, which irrigate significantly this vegetation. Only the TDVI before flooding is presented here, because after flooding it showed similar patterns except a very modest increase of herbaceous vegetation density in high-altitude areas. Despite the fact that, generally, a vegetation index is not helpful for flood impact assessment or sediment accumulation estimation, TDVI was integrated anyway with other indices to analyze its potential for the discrimination between soil erosion classes. Furthermore, compared to the NMDI, the NDWI shows its usefulness in this study before and after the flood-storm and we will discuss thereafter. before, during and after the flood-storm, it shows the soil moisture variability over the Guelmim region [123] . In fact, we see that soil moisture increased from 4% in November 19 to 72% in November 22; then from 40% in November 25 to 74% in November 29. It can also be observed that the peaks marked these dates, which were followed with succession periods of rain maintaining high soil-moisture conditions ( Figure 13 ).
These results are in agreement with NDWI outcome before and after the flood-storm named NDWI-1 and NDWI-2 for further use in this paper, respectively. Figure 14 shows the spatial distribution of water content in soil and vegetation cover using NDWI-1 before the flood-storm (November 07). Firstly, it can be seen that an excellent agreement exists between this index and the derived vegetation cover map generated with TDVI. The moisture (or water content) is highlighted only on the vegetation cover spots, while the soil moisture is approximately near to 0% as the soil was completely dry. Secondly, the SMOS pixel value corroborates this finding, because Figure 13 shows a moisture value near to 10% during the November 7. This SMOS moisture value is acceptable and logic, because it is the average within one pixel (25 km by 25 km) covering the Guelmim area, including dry soil and humid vegetation cover. Nevertheless, the derived NDWI-2 map (8 days after the flood) as presented in Figure 15 shows different soil moisture classes. This map highlighted the high moisture content in vegetation cover, ravines and water streams, riverbeds, alluvial and dejection cones, down-slopes, and finally the Guelmim plain. These good results corroborate the SMOS value (~ 23 %) obtained by Sairi et al. [123] , as well those obtained by Bannari et al. [124] based on hydrological indices derived from the DEM. Concerning the NMDI, this index was not able to reflect the soil and vegetation moisture content accurately as NDWI, especially before the floods. However, after flood when the soil and vegetation were saturated with water, NMDI was able to reproduce similar results to NDWI. In this paper, only the NDWI results were presented because this index describes correctly the soil moisture content independently from the soil or rock characteristics and the vegetation cover density or water content (before and after flood-storm). Figure 13 . Soil moisture variability for the Guelmim region from 1 November to 9 December 2014 using Soil Moisture and Ocean Salinity (SMOS) satellite data [123] . Because the "I", "H" and "S" are important criteria for soil erosion status characterization, only the visible bands, as recommended by Escadafal et al. [86] , were used in the beginning, considering the cylindrical transformation as recommended by Mimouni et al. [3] . This processing enhances the image colour in the three-dimensional spectral space using the Munsell-colour chart [103] [125] . The obtained results show that al-though the visible domain is informative about the soil spectral variability according to their colours, the NIR and SWIR (SWIR-1 and SWIR-2, see the rage wavelengths in Table 1 ) regions are more informative on the soil status. Because in these spectral ranges, the power of soil colour discrimination is combined with pedological materials (absorption features characterizing the surface soil category). Indeed, the derived "I"
and "H" allow a significant discrimination between various rock types and soil erosion and degradation levels. Nevertheless, the "H" showed exceptional results for lithological formation discrimination and soil classes' characterization, and adequately describes the hematite and goethite. These outcomes are in agreement with other scientists' findings [13] [88] [89] [90] . After this investigation step, more than 100 colour composite combinations have been analyzed in the RGB (Red-Green-Blue) spectral space in PCIGeomatica's image processing system [67] considering all the selected and used indices:
CI, FI, BI, I, H, S, NDWI, NMDI, TDVI, PCA-1, PCA-2 and PCA-3. Amongst the entire analyzed and compared combinations, only four attracted the attention according to their power to discriminate different levels of soil erosion in various land-use classes.
The first combination considers the FI, BI and NDWI colour composite, which is shown in Figure 16 (a) and Figure 16 (b). The second one considers the intensity "I", NDWI and NMDI, which is illustrated in Figure 17 Figure 16 . The occurrence of the recent sediments, which is visible in pale green, coincides with areas assumed prone to a higher flooding susceptibility and sediment accumulation due to their geographic location. These two maps characterize the same erosion classes, especially in the valleys' broader zones and depressions surrounding high hills with steep slopes (9.5˚ to 26˚) and converging towards the interior of the plain. In addition, geological classes forming natural belt barriers are perfectly highlighted and mapped with the two considered combinations (Figure 16 and Figure   17 ), showing good correspondence with the available geological map (Figure 18 ).
Likewise, the geological map shows the alluvial and quaternary class in yellow colour, following the slop from the mountains and hills to the direction of Guilmim city and riverbed. This class is related to soil erosion and variety of material, such as silt and clay, as well sediment deposit for centuries. The two selected combinations highlight it.
According to the geology, geomorphology, pedology and topography of this area, it can be seen that the recent flash-flood storm generated similar trends of sediment transport and accumulation as illustrated with the derived maps in Figure 16 and Figure 17 . This similarity constitutes clear evidence that this proposed approach is successful of detecting spatial changes in soil and vegetation conditions caused by runoff after the flood storm in the Guelmim region.
Finally, the last step of the erosion risk and sediment accumulation, caused by runoff after flood-storm analysis, is based on the integration and segmentation of the retained spectral indices (Intensity, FI, BI, NDWI and NMDI) in the two considered combinations adopting the Fuzzy-K-Means unsupervised classification. The generated thematic map characterizes the land-surface conditions as they were observed at the time of the second image acquisition (December 9), eight days after the flood-storm (Figure 19 ).
Obviously, this approach does not provide a truthful description regarding the destruction Figure 18 . Geological map of a part of the study area. of the Guelmim ecosystem and its future evolution. This needs to be further analyzed in the context of an ecologically based framework involving multidisciplinary approaches [13] . However, this proposed and simplified approach assesses ecosystem vulnerability to land degradation by water erosion and sediment accumulation. Spectral information is combined and grouped to analyze land classes and geo-morphological units, characterizing landscape susceptibility to hydrologic processes and defining homogeneous land units with similar response to erosion risk and degradation processes. As explained previously, relief and vegetation cover are important factors in determining runoff aggressiveness, and chemical and physical properties of substrate materials control consolidation and erodibility by water.
The Fuzzy-K-Means unsupervised classification led to 16 classes, which were re-grouped into six homogeneous classes. They are ordered based on their relative sensitivity to water erosion as recommended by other scientists [13] [126] . Thus, in addition to water and vegetation classes, four other classes, mud (sediment accumulation), and very low, medium, and high soil erosion risk, were considered based on the lithology, geology and topographic characteristics of the study area. The mud class is located on areas responding to hydrological processes and topographic morphology, forming a natural basin that facilitates flow accumulation and is prone to inundation and sediment accumulation. This result is in agreement with our expectation during the topographic profile analysis based on independent datasets (Figure 11 ). In addition, as explained in the previous section, the geological map illustrates this class as alluvial-quaternary ( Figure 19 ). The very low erosion-risk class is located in areas characterized by high altitudes and steep slopes and highlighting the volcanic rocks of the Precambrian (rhyolite and andsite). The latter is resistant and forms the highest peaks of the mountains (boutonniere of Ifni, Jabel Bani, Jabel Taissa and Jabel Tayert). For this class, significant presence of vegetation cover is observed, especially in the NW region. The medium erosion risk class shows intermediate to low slopes in the release zones (talus and alluvial cones) with black limestone, lacustre limestone, dolomite, marl, spreading silt, and lime stonecrusts (Figure 7) . Moreover, by reference to the lithological and geological maps (Figure 7 and Figure 18 ), the areas classified with high erosion potential risk are formed with schist (soft rocks) and limestone formations, which are characterised by a high erodibility and none to very low vegetation recovery. These zones are related to the steep slopes and ridges, ravines and water streams, which are the most important contributing factors to erosion and land-degradation process.
The derived erosion risk and sediment accumulation map ( Figure 19 ) based on remote sensing image data and topographic attributes illustrated the tendency of water accumulation in the landscape, and highlights areas prone to both fast moving and pooling water. They described the ability to transfer sediment in a channel's stream and evaluate the flood risks in basin hydrology. They explicitly demonstrated the sediment flow convergence and divergence from the top of the mountains to the areas prone to inundation and sediment accumulation. Moreover, they demonstrated that the rainfall and the topographic morphology are the major contributing factors to flash flooding and catastrophic inundation in the study area. The runoff-water power delivers vulnerable topsoil, contributes strongly to the erosion, and transports soil materials and sediments to the plain areas through water power and gravity. Likewise, the role of the lithology associated with the terrain morphology is decisive in the erosion risk and land degradation in this region. These research results can help in the improvement of the management of water regulation structures; because there is an imperative need to develop a methodology to maximize the water storage capacity and to reduce the risks caused by floods in the Guelmim region. This study demonstrated that remote sensing science and technologies associated with GIS and auxiliary data have become the fundamental solution for flood monitoring, understanding, and its impact assessment to provide a solid basis strategy for regional policies to address the real causes of problems and risks. Consequently, this synergy provides ideas about how flood waters must be channeled, diverted and drained. Without doubt, information technology is not the only issue; solutions must be considered from different perspectives, such as based on social, human, and financial aspects and at different levels of public policy and decision-making. Obviously, political commitments must be sincere to apply these flood resilience measurements and strategies.
Conclusions
This research deal with the characterization of areas associated with flash floods and erosion caused by severe rainfall storm and sediment transport and accumulation using topographic profiles and spectral indices. Topographic attributes and profiles were retrieved fromASTER-V2.1 DEM using GIS technology. Whereas the remote sensing approach integrates spectral indices, such as the FI, the CI and the BI, which describes the soil reflectance curve. In addition, the "I", "H" and "S" that correspond to soil colour brightness, colour spectral dominance as well as colour purity, respectively, have been also considered.PCA as indicators of soil state and land use based on de-correlation statistics between the spectral bands has also been integrated. Based on the assumption that vegetation protects soils from erosion and degradation, vegetation indices, such as the TDVI, was also used. In addition to this characterization process, soil moisture conditions and vegetation water content were integrated, exploiting the NDWI and the NMDI. All these indices were derived from two Landsat-OLI images acquired before and after the flood-storm. The OLI images data were atmospherically corrected, sensor radiometric drift calibrated, and geometric and topographic distortions rectified. For validation purposes, the acquired photos during the flood-storm, lithological and geological maps were used.
The results show that the NDWI characterizes correctly soil and vegetation moisture content before and after flooding than NMDI. TDVI describes correctly the scattered vegetation along the riverbed, on the top of mountains and in oases. The "I" and "S" parameters allowed a significant discrimination between various rock types and soil degradation levels. Nevertheless, the "H" showed exceptional results for lithological formation discrimination. As well, the soil spectral indices (CI, FI and BI) demonstrated the powerful synergy to discriminate correctly among rocks and soil classes, the mud and sediment direction and accumulation zones. The analysis of approximately 100 false colour composite combinations in the RGB PCI-Geomatica system then permitted the selection of two combinations due to their potential for characterizing soil erosion classes and sediment accumulation. The first considers the "Intensity, NDWI and NMDI", while the second associates "FI, BI and NDWI". Validation of results shows that these two combinations provide very good separating power between different levels of soil erosion and degradation, particularly among different land-cover classes in a semi-arid environment.
Furthermore, based on the selected indices, the landscape segmentation into different units has been carried out generating a thematic map of land erosion risk and sedi-ment accumulation caused by runoff after the flood-storm. Globally, this research demonstrated that the rainfall and the topographic morphology are the major contributing factors for flash flooding and catastrophic inundation in the study area. The runoff-water power delivers vulnerable topsoil and contributes strongly to the erosion and land-degradation process, and then transports soil material and sediment to the plain areas through water power and gravity. The high levels of aggressiveness are encountered in the valleys and over areas with steeper slopes. The valleys are zones of flow accumulation, receiving the contribution of large upslope drainage areas, thus, allowing high rates of erosion. Low runoff aggressiveness is connected with areas of low slopes.
Likewise, the role of the lithology associated with the terrain morphology is decisive in the erosion risk and land degradation in this region.
Undoubtedly, the originality of this research resides in its simplicity and rapidity to provide a solid basis strategy for regional policies to address the real causes of problems and risks in developing countries. Indeed, the obtained results can help in the improvement of the management of water regulation structures to develop a methodology to maximize the water storage capacity and to reduce the risks caused by floods in the Guelmim region. Moreover, they demonstrated that remote sensing science and technologies associated with GIS and auxiliary data have become the fundamental solution for flood monitoring, understanding, and its impact assessment.
